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Abstract: The use of robots in various stages of the production process is now commonplace across 
practically all sectors of the economy. Additionally, even for present-day small and medium-sized 
businesses, this has developed into a very powerful need in recent years and continues to grow in 
importance. The selection of an industrial robot is a very complicated decision-making issue due to 
the fact that there are numerous aspects and criteria that are in conflict with one another, as almost 
all of the earlier research emphasized. In addition, the many sophisticated requirements that have 
been added to these robots by the makers of robotics have led the level of complexity to expand even 
further. As a result, decision-makers are faced with increasingly complex decision-making difficulties 
that are influenced by a great deal of uncertainty. As a result of this, a combined neutrosophic multi- 
criteria decision-making (MCDM) approach may assist in resolving a significant number of the 
ambiguities that are suggested in the present article. Initially, the Entropy method was used to 
evaluate the criteria set for the study under the neutrosophic environment. Then, the Multi-Objective 
Optimization on the Basis of Ratio Analysis (MOORA) method was used to evaluate and rank five 
robots used in the automotive industry. The results indicate that the criteria of performance and 
working accuracy are the most influential criteria in choosing the most appropriate robot. Also, the 
results indicate that the KAWASAKI robot is the best choice in the manufacturing process for the 
automotive industry. 
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1. Introduction 

The incorporation of robotics into manufacturing operations was once a concept of recent times, 
but it has now emerged as a primary objective for nearly all sectors within the manufacturing 
industry. Based on a report published by Fortune Insight, the global industrial robotic market was 
valued at USD 21.83 billion in 2019 [1]. Projections from Fortune Business Insight anticipate that this 
market will reach USD 66.48 billion, while GM Sight estimates a value of USD 80 billion by the year 
2027. Currently, the utilization of robotics has achieved extensive adoption across various sectors 
including food and beverage processing, mining, construction, and the pharmaceutical industry. 
However, statistical data indicates that the automotive industry continues to be the leading consumer 
industry, accounting for 28% of the overall installations [2]. This is followed by the 
electrical/electronics sector with 24% of installations, while the metal and machinery sector accounts 
for 12%, the plastics and chemical products sector for 5%, and the food and beverages sector for 3%. 

Based on the 2016 reports released by the Organisation for Economic Co-operation and 
Development (OECD), the global sales of industrial robots surpassed 290,000 units. Projections 
indicate a significant growth trajectory, with an anticipated surge to approximately 1.4 million units 
within the forthcoming three-year period [3]. Advancements in this particular domain are 
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characterized by their allure, as evidenced by the remarkable achievement of surpassing projected 
figures in 2019, with a total of 2,722,000 industrial robotics units being sold and installed. According 
to the International Federation of Robotics, the sales of industrial robotics have reached a total of 
2,722,077 units from 2010 to the present. Moreover, it has been estimated by international 
corporations engaged in market analysis of industrial robotics that these upward trends are projected 
to persist within a range of 3.5% to 5.5% over the course of the subsequent five years [4]. Based on the 
aforementioned rates, it is anticipated that the global installation of industrial robotics will attain a 
substantial figure ranging from 3,584,000 to 4,177,000 units by the year 2027. The current state of the 
robotic industry is characterized by a significant and swift expansion. Manufacturers actively monitor 
technological advancements and incorporate novel capabilities, capacities, and functionalities into 
their products. 

Moreover, it is evident that the demands of various industries are undergoing rapid and 
dynamic transformations in the current era. Hence, the proliferation of robots, accompanied by an 
expanding range of applications and an increasing variety of types and models, can be regarded as a 
significant contributing factor [5]. Hence, the task of choosing suitable industrial robotics is a complex 
and time-consuming endeavour for decision-makers. The presence of numerous conflicting factors 
within the assessment process contributes to the heightened level of complexity. 

The selection of industrial robotics is therefore a highly complex decision-making problem that 
is quite affected by uncertainties, and it is required to use a powerful and applicable tool that can 
enable to deal with uncertainties in order to optimally solve these kinds of problems [6]. According 
to almost all of the earlier works that already exist in the literature, the following statement is true: 
the selection of industrial robotics is a problem that involves decision-making, and it is highly affected 
by uncertainties. Due to the fact that these research overlooked uncertainties, the contributions of 
these earlier studies utilizing objective multi-criteria decision-making (MCDM) approaches are, 
regrettably, restricted, and their usefulness for finding a solution to a decision-making issue faced in 
real life is likewise minimal. 

Practically all of the earlier publications that have been published in the field of robotics research 
have neglected to take into account the unique requirements and demands of various sectors with 
regard to robotics systems [7]. Because the needs of each sector are changeable and unique, a robotic 
system that is very helpful and effective in one industry may not be suitable for use in other 
industries. For example, robots that are used in the food processing business are incompatible with 
those that are used in the vehicle manufacturing industry. The majority of the publications that came 
before this one chose to overlook this circumstance, which caused bottlenecks in the evaluation 
process meant to tackle these decision-making issues. In addition, the weights of criteria, choices, and 
alternatives might shift depending on the industry, since different businesses have distinct 
requirements and demands for robot selection. As a result, it's possible that a comprehensive analysis 
of industrial robots systems across all sectors won't be very useful. The purpose of this article is to 
give academics and practitioners who are responsible for making choices on robot selection with an 
applicable and realistic model that focuses on industrial robot selection by addressing the needs and 
requirements of the automobile manufacturing sector specifically. This study deals only with the 
needs and requirements of the automotive manufacturing industry. 

Previous research has examined the selection of robots and has put forth a range of fuzzy 
techniques in order to mitigate the effects of uncertainties. Nevertheless, a majority of individuals 
overlooked precise quantitative data pertaining to the various options based on the established 
criteria. Instead, they relied on the belief that the linguistic evaluations conducted by decision-makers 
alone would be adequate in resolving the challenges associated with selecting a robot. The 
aforementioned approaches exhibit a state of misguided perception, and it is evident that decision- 
makers lacking adequate information cannot attain optimality. It is anticipated that enhancing the 
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level of information possessed by decision-makers will lead to an improvement in the accuracy of 
their decision-making. 

Subsequently, decision-makers were instructed to compile a comprehensive inventory of criteria 
and decision alternatives. Once these inventories were gathered, researchers proceeded to eliminate 
redundant criteria and options, resulting in the identification of the ultimate selection criteria and 
decision alternatives. This process engendered unanimous agreement among the panel of experts. 
Subsequently, linguistic evaluations were conducted by decision-makers for both the criteria and 
decision alternatives. The hybrid approach based on the neutrosophic (Entropy method) and the 
neutrosophic Multi-Objective Optimization on the Basis of Ratio Analysis (MOORA) method was 
employed to evaluate the chosen criteria for the ultimate decision substitute chosen in the automobile 
field. 


2. Criteria 

In this section, a brief description of the criteria used in the study for the selection of industrial 
robots for the automotive industry is presented. The main criteria used are performance, flexibility, 
purchase cost, maintenance cost, working accuracy, warranty period, load capacity, and energy 
consumption. Figure 1 presents the criteria used in the study. Also, Table 1 presents the information 


of the experts involved in the study and in the selection of criteria used. 


Table 1. Information about experts. 


Expert Experience Institute Graduation degree Duty 
Expert, 17 Automotive Int. Trade and Logistics Man. Supply chain 
Expert, 13 Ecoplas English Business Adm. And Man. __ Logistics Engineer 
Expert; 12 Pisma industry Chemical Eng. Executive 
Expert, 24 Eurotec Industrial Eng. Production Engineer 
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Figure 1. Criteria used in the research work. 


2.1 Performance (C,) 

The comprehensive operational parameters of the robot, encompassing its precision, 
manipulability, dexterity, and other relevant factors, constitute significant criteria for deliberation in 
the process of selecting robotics systems. 

2.2 Flexibility (C2) 

The versatility of a robot is essential to understanding how it will function on a manufacturing 
line. An industrial robot has the ability to bend and stretch in ways that are impossible for humans 
to replicate. Therefore, it is possible to characterise it as being flexible in the sense that it can execute 
a variety of applications. 

2.3 Purchase cost (C3) 

The process encompasses the expenses associated with acquiring, implementing, and providing 
instruction on a particular product or service. Furthermore, the criteria employed in literature, 
encompassing various definitions such as purchase cost, purchasing cost, and investment cost, were 
consolidated. 

2.4 Maintenance cost (C4) 

Consists of the necessary financial outlay required to carry out operations such as maintenance 
and repair. 

2.5 Working accuracy (Cs) 

The accuracy of the robot's position inside a certain workspace may be defined as the greatest 
inaccuracy that can be assembled from various locations that are evenly dispersed throughout the set 
workspace or reference frame. 

2.6 Warranty period (C¢) 

The warranty period refers to a designated timeframe during which the manufacturer guarantees 
free repair and adjustment services for industrial robots in the event of a malfunction that arises from 
regular use and adherence to the provided instruction manuals. 

2.7 Load capacity (C;) 

The weight that a robot is able to lift is referred to as its load capacity or payload. The weight of 
the product being selected as well as the weight of the end-of-arm tooling are both included into the 
payload. Because of its large loading capacity, it may thus give a high operating volume in a 
production facility. This volume is dependent on the facility. 

2.8 Energy consumption (Cg) 

The measurement of energy consumed by robots during a specific working hour is a significant 
determinant in assessing the financial implications associated with the utilisation of robots. 

After that, several linguistic terms and their corresponding triangular neutrosophic numbers (TNNs) 
were identified, to be used in evaluating the criteria and target alternatives in the study, as shown in 
Table 2. 
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Table 2. Linguistic terms and their equivalent TNNs for evaluating criteria and alternatives. 


Linguistic terms Abbreviations TNNs 
Fully Low Value FLV ((0.1, 0.2, 0.3); 0.4, 0.1, 0.3) 
Very Low Value VLV ((0.2, 0.3, 0.4); 0.5, 0.1, 0.3) 
Low Value LOV ((0.3, 0.4, 0.5); 0.6, 0.2, 0.1) 
Modest Low Value MLV ((0.4, 0.5, 0.6); 0.7, 0.3, 0.2) 
Roughly Value ROV ((0.5, 0.6, 0.7); 0.8, 0.3, 0.3) 
Modest High Value MHV ((0.6, 0.7, 0.8); 0.9, 0.4, 0.4) 
High Value HVV ((0.7, 0.8, 0.9); 1.0, 0.3, 0.5) 
Very High Value VHV ((0.8, 0.9, 1.0); 1.0, 0.2, 0.3) 
Fully High Value FHV (0.9, 1.0, 1.0); 1.0, 0.2, 0.2) 


3. Materials and Methods 
In this section, the proposed Entropy-MOORA methodology is presented to solve the problem of 
selecting the most efficient robot in the automotive industry. Figure 2 introduce the Illustration of the 


proposed approach. 


Entropy method MOORA method 


Construct the decision matrix according to a: : a : 
ea aes eee Determining the evaluation decision matrix 
experts’ opinions to assess the criteria. 
by all experts. 
Normalize the evaluation decision matrix. : oe : 
Compute the normalized decision matrix. 


Computation of entropy (P,). Compute the weighted normalized decision 
matrix. 
Obtaining the objective weight (w)). Determine MOORA index and rank the 
alternatives. 


Figure 2. Illustration of the proposed approach. 


Step 1: The set Aj = {A,,A;,..,Am} having i = 1, 2... m alternatives, is measured by n decision 
criterion of C; = {C,,C2,...,C,}, withj=1,2,....,n. Let w = (wy,W2,..,W,) be the vector set utilized 


for determining the criteria weights, w; >0 and )j-1 w; =1. 
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Step 2: Create the assessment matrix rendering to experts’ preferences to measure the main criteria 
by each expert by using linguistic terms in Table 2. 


Step 3: Convert the TNNs to crisp values by applying the score function according to Eq. (1). 
S (%i)= 5 I+ m+ u)x (2+ ag - Og -Bs ) (1) 
Step 4: Compute the normalized matrix according to Eq. (2). 


xj 


~ Thx 2) 


Vij 


Step 5: Determinations of valuation aspects weights. The entropy value P, can be measured for each 


aspect according to Eq. (3). 
B =~ aay lea yln(ry) (3) 


Step 6: Calculating the diversity degree. The degree of information diversity implicated by every 
aspect should be calculated according to Eq. (4). 
dj =1-B (4) 
Step 7: Calculate the weight for each criterion according to Eq. (5). 

a: 
Ww; = ae (5) 
Step 8: Build the evaluation decision matrix by all experts between the determined criteria and the 
available alternatives, as presented in Table 2. Then, convert the TNNs to crisp values by applying 
the score function according to Eq. (1). 
Step 9: Compute the normalized decision matrix between the determined criteria and the available 


alternatives according to Eq. (6). 
gees 

Po eye 
Step 10: Compute the weighted normalized decision matrix according to Eq. (7). 
Uij oa Wj x Vij (7) 


Step 11: Compute the normalized assessment value of each alternative according to Eq. (8). Then, 


,i=1, 2,....m;j=1, 2, ...m. (6) 


rank the alternatives based on the descending value of T;. 
i> Dei Uy - Diet Uij (8) 


4. Application 
4.1 Case Study 


As a case study, the automobile manufacturing business was chosen, and with the assistance of 
the recommended hybrid neutrosophic method, industrial robotic selection procedures in this 
industry were investigated. The automobile manufacturing sector has been using robots as part of its 
manufacturing systems and in a variety of production processes for more than sixty years at this 
point. In the production of autos, a great deal of labour-intensive work is amenable to being 
automated and performed by robots. Welding, assembling, painting, sealing, coating, material 
removal, inspection, maintenance, machine tending, internal logistics, and other shop floor job needs 
are some of the tasks that are performed by the robots. One of the most important industries that 
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makes use of industrial robots nowadays is the automotive sector, which produces automobiles. 
Because of recent advancements in robotic technology, the use of industrial robots in assembly lines 
has been boosted, and automakers now have the ability to investigate the use of industrial robots in 
various manufacturing and production lines. Because each car has a large number of wires, 
components, and other parts, it is difficult to properly route auto parts to their intended locations. 
These industrial robots are necessary for both an efficient production system and an automated global 
supply chain in order to achieve optimal results. As a result, the process of selecting and assessing 
the capabilities of industrial robots is essential for automotive manufacturers. An intelligent decision 
support system was presented in this study for the purpose of choosing and assessing the appropriate 
industrial robot for use in the automobile sector. The robots used in manufacturing cars that will be 
evaluated in the study are KAWASAKI (A;), OMRON (Az), KUKA (A3), NACHI (A), and FANUC 
(As). 
4.2 Implementation of the proposed approach 

In this part, the steps of the proposed Entropy-MOORA approach are applied under 
neutrosophic environment to solve the problem of selecting the most efficient robot in the automotive 
industry. 
Step 1: The assessment matrix rendering to experts’ preferences to measure the main criteria by each 
expert by using linguistic terms provided in Table 2, was created, as presented in Table 3. Then, the 
TNNs was converted to crisp values by applying the score function according to Eq. (1). 
Step 2: The normalized matrix was computed according to Eq. (2), as presented in Table 4. 
Step 3: The weight for each criterion was obtained according to Eq. (5), as presented in Table 5 and 
shown in Figure 3. 


Table 3. Assessment of the determined criteria using linguistic terms by all experts. 


Criteria 
C, Cy C; C, C. C, C, Cg 
Expert, VLV MHV HVV ROV FLV HVV ROV MHV 
Expert, LOV MHV VLV MHV ROV HVV ROV VHV 
Expert; LOV MLV VHV FHV MHV ROV VLV_ VHV 
Expert, FHV MLV VHV FHV FHV FHV VLV_ VHV 


Experts 


Table 4. The normalized evaluation matrix of the determined criteria. 


Criteria 
C, Cy C3 C, C. C, Cy Cg 
Expert, 0.128 0.286 0.256 0.171 0.070 0.239 0.338 0.179 
Expert, 0.186 0.286 0.093 0.188 0.234 0.239 0.338 0.274 
Expert3 0.186 0.214 0.326 0.321 0.257 0.181 0.162 0.274 
Expert, 0.500 0.214 0.326 0.321 0.439 0.341 0.162 0.274 


Experts 


Table 5. The entropy measure and objective weight of the identified criteria. 
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Criteria 
Experts 
C, C, C3 Cy C. Ce C, Cg 
Expert, -0.263 -0.358 -0.349 -0.302 -0.186 -0.342 -0.367 -0.308 
Expert, -0.313 -0.358 -0.221 -0.314 -0.340 -0.342 -0.367 -0.355 
Experts -0.313 -0.330 -0.365 -0.365 -0.349 -0.309 -0.295  -0.355 
Expert, -0.347 -0.330 -0.365 -0.365 -0.361 -0.367 -0.295  -0.355 
P 0.891 0.992 0.938 0.970 0.892 0.981 0.955 0.990 
1-P, 0.109 0.008 0.062 0.030 0.108 0.019 0.045 0.010 
W; 0.279 0.020 0.159 0.076 0.276 0.047 0.116 0.027 
mw Weights of criteria 
0.3. 0.279 0.276 
0.25 
0.2 
$s 0.159 
$ 
=. ee 0.116 
a) 
i) 
S 0.1 0.076 
g 
0.05 eo 6 
0 
= 3 criterif” 


Figure 3. Final weights of the selected criteria using Entropy method. 


Step 4: The evaluation decision matrix was constructed by all experts between the determined criteria 


and the five industrial robots, as presented in Table 6. 


Step 5: The normalized decision matrix was computed according to Eq. (6), as presented in Table 7. 


Step 6: The weighted normalized decision matrix was calculated according to Eq. (7), as presented in 


Table 8. 


Step 7: The five robots were ranked based on the descending value of T;, which was computed 


according to Eq. (8), as presented in Table 9 and Figure 8. 


Table 6. Evaluation matrix of five robots regarding all criteria by using linguistic terms. 


Experts c G ce Cc: on C c Cy 
A, VHV FLV VHV FHV HVV~ FHV MHV_ VHV 
A, MHV ROV  HVV. ROV  MHV~ FLV’ FHV. MLV 
A; FLV MHV MLV MHV  HVV  HVV HVV. MHV 
Ay LOV MHV  ROV  ROV  MHV~ VHV~ MHV_ FLV 
As FHV VHV  ROV  HVV  HVV FHV HVV_ MLV 


Table 7. Normalized matrix of five robots regarding all criteria by using linguistic terms. 
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Experts Ci C Cy CG C G G G 
Ay 0.590 0.119 0.628 0588 0477 0.549 0.358 0.719 
A, 0.385 0.393 0.491 0.309 0.398 0.087 0.613 0.351 
A; 0.105 0.438 0.307 0.344 0477 0.384 0.429 0.469 
Ay 0.241 0.438 0.368 0.309 0.398 0.492 0.358 0.128 
Ke 0.659 0.670 0.368 0588 0477 0.549 0.429 0.351 


Table 8. Weighted normalized matrix of five robots regarding all criteria by using linguistic terms. 


Experts G CG G G G c G CG 
Ay 0.165 0.002 0.100 0.045 0.132 0.026 0.042 0.019 
A, 0.108 0.008 0.078 0.023 0.110 0.004 0.071 0.009 
A; 0.029 0.009 0.049 0.026 0.132 0.018 0.050 0.013 
Ay 0.067 0.009 0.059 0.023 0.110 0.023 0.042 0.003 
Ae 0.184 0.013 0.059 ~—-0.045. = 0.132 0.026 ~——0.050~——0.009 


Table 9. Final ranking of five industrial robots. 


Robots T; Rank 
Ay 0.530 1 
Az 0.412 3 
A3 0.325 5 
Ay 0.336 4 
As 0.517 2 


g Final ranking of five industrial robots 


os 0.517 
0.412 
| | 1 

Al A2 A3 A4 AS 


Five alternatives 


Ranking value 
od J ond o 
N 2S w FS BP OP uu CO 
uw Ww uw - uw uw ui [op) 


© 
N 


Figure 4. Final ranking of five industrial robots. 


4.3 Discussion 
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In this part, the results obtained from applying the proposed Entropy-MOORA methodology to solve 
the problem of selecting an optimal robot in the automotive industry are discussed. 

Initially, eight criteria were evaluated using the Entropy method under the neutrosophic 
environment. The results indicate that the performance criterion is the most important with a weight 
of 0.279, followed by the working accuracy criterion, while the flexibility criterion is the least 
important with a weight of 0.020. 

Then, five robots used in the automotive industry were evaluated using the MOORA method. The 
results indicate that the KAWASAKI robot is the best robot out of the five used in the study. 


5. Conclusion 

As a result of recent technical advancements, the meteoric rise of artificial intelligence, and the 
progression of flexible industrial systems, the adoption of robots in the automobile manufacturing 
sector has experienced an enormous increase in their use in a variety of different operating 
mechanisms. Without the need for human intervention, these specially programmed robots in the 
automobile manufacturing industry are able to do a wide variety of dangerous and laborious 
activities while maintaining high standards of quality and output. Utilizing robots technology in the 
production phase of an industrial process leads to an increase in the overall effectiveness of the 
manufacturing process. The selection of the proper industrial robot may be challenging due to the 
ongoing development of robotic technology, the introduction of unique features, and the 
incorporation of the individual needs of the automobile sector into the robot. In the context of the 
automobile sector, this research developed a robot selection procedure that was adaptable, resilient, 


and intelligent. 
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